The purpose of this work is to show that global sensitivity analysis combined with a process simulator can be used as a method of identifying process bottlenecks in the papermaking context. A variancedecomposition based Sobol' analysis is employed in three case studies with Apros® Paper simulator. The results give evidence that the method is applicable in detecting process bottlenecks and can thus provide the process designer with useful information. ADDRESSES OF THE AUTHORS: Jouni Savolainen (jouni.savolainen@vtt.fi) and Jari Lappalainen
Sensitivity analysis has been applied to identifying critical separation stages of mineral separation processes by Lucay et al. (2011; , who derived explicit equations for separation efficiency sensitivity on the model parameters. They extended their work in (Sepulveda et al. 2013) by assessing the separation process with the Morris and Sobol' (Saltelli et al. 2008 ) sensitivity analysis methods. In contrast, we take the approach of not needing to write model equations explicitly in the modelling phase, an approach more suited for users of commercial simulator packages. We continue that work by also utilizing the Sobol' method and by providing further evidence on its applicability for bottleneck identification. This is done by including new unit operations (e.g. pumping), a larger number of parameters into the analysis, and a new application domain, a paper making process. The paper's work originates from and strives to complement a simulation and multiple objective optimization-based, concurrent automation and process design; see for example (Linnala et al. 2010; Ropponen et al. 2011; Savolainen et al. 2011; Savolainen 2013) . That work continues a long tradition of simultaneous process and control design; see for example (Seferlis, Georgiadis 2004; Nishida, Liu, Ichikawa 1976) . Process design originally begins with flowsheet and equipment design, with the control of the process left as a later consideration (Ricardez-Sandoval et al. 2009 ). In contrast, concurrent process and automation design strives to start the control design as early as possible, both in retrofit and green field design projects. Identifying process bottlenecks can serve as guidance to the design team and also during process improvement efforts of a running plant. The question to answer in this paper is whether Sobol' analysis can be used in identifying process bottlenecks.
The rest of the paper is organized as follows. In the next chapter, theoretical background for the Sobol' analysis is given followed by a chapter where the utilized simulation models are described. The chapter after that presents details of the bottleneck identification method and the results are reported in the next to last chapter. The final chapter gives conclusions and discussion.
Theoretical background
In this study global sensitivity analysis was used with a process simulator to identify which process equipment are the bottlenecks with respect to the obtained end product flow. To this end, a variance decompositionbased Sobol' analysis was used (Saltelli et al. 2008) . It was chosen because it is easily used with any commercial simulator package and requires no explicit derivation of sensitivity equations, thus making it amenable to practically oriented engineers. The Sobol' analysis relies on simulating a process model with several different realizations of its parameters and analysing the set of produced model outputs statistically. The core is the selection of the appropriate inputs that characterize the relevant process variables, such as equipment dimensions. Further, use in bottleneck identification relies on appropriately formulating the model output in such a way that it truly is an indicator of desired process performance.
Variance decomposition can be used to calculate sensitivity indices by decomposing the output variance into first and higher order effects of the inputs. These are referred to as the first order and total indices, S i and S Ti , respectively. The basic idea is to ask how much the model output Y j 's variance would be affected if parameter X i were to be fixed to some value and the other parameters (denoted X~i) were allowed to vary. This conditional variance is denoted as V X~i (Y j | X i ) . If this variance, conditional to fixing X i , is much smaller than the unconditional variance V(Y j ), then parameter X i has a large influence on Y j . This alone is not sufficient since in the above X i was fixed to only one value. This is handled by fixing it to other values and taking the expectation value of the resulting conditional variances: E Xi (V X~i (Y j | X i ) ). Now, the unconditional variance V(Y j ) can be written, by the law of total variance, as:
Note that in Eq 3, the conditioning inside the expectation operator is not X i but X~i. The more interested reader is referred to (Saltelli et al. 2008) and (Sobol' 1993) .
The first order index provides information on linear relationship between the parameter and the output whereas the total index is a measure of non-linearity and interactions of all orders. For further details, see for example (Saltelli et al. 2008) . The Sobol' indices can be used in ranking the parameters according to their statistical importance with respect to the output, with large values indicating those that can be regarded, in this context, as potential process bottlenecks.
Process descriptions and modelling

General
We investigated the applicability of the Sobol' indices as bottleneck indicators with three simulation models. The first two were very simple, in fact so simple that the bottleneck can be deduced immediately without simulations. This a priori engineering intuition was compared with the computational results. The third model consisted of a papermaking process which is of such complexity that identifying the bottleneck is difficult. The simulation models were constructed using the Apros® process simulation software. All flow lines were modelled using a dynamic one-dimensional pressure-flow model. This model utilizes dynamic conservation equations of mass, energy and momentum to calculate flows, temperatures, concentrations and pressures in the piping system. Equipment such as pumps and valves affect these equations through the source terms. A more detailed description of the models can be found in (Silvennoinen et al. 1989 ) and on www.apros.fi.
Simple Models
The use of global sensitivity analysis as a tool to detect process bottlenecks was firstly tested with two fairly simple models. The first model (later on: Simple Model 1) is a single flow line shown in In this model all pipe sections are 20 m long and have an inner diameter of 200 mm. The boundary pressures for the source and sink are p source,2 = 5.0 bar and p sink,2 = 1.0 bar. In the initial state, the mass flow through the entire system is 961 kg/s. In the branching sections this mass flow is divided equally to the parallel flow paths due to identical physical dimensions.
Paper Mill Model
After studying the Simple Models we proceeded to a more realistic system model. The Paper Mill Model consists of the approach system and paper machine (PM). A schematic flow sheet of the process is depicted in Fig 3. The model starts from feeding raw material furnish from the machine chest (MC). Filler is added and diluted with recirculated wire water originating from the PM. The diluted furnish stream is cleaned in screens, deaerated in the deculator, and finally spread onto the paper machine wire on the former section via the headbox (HBX). A paper web is formed and dewatered in several stages. Most of the water is removed in the former section, and this wire water is recycled back to the approach system. The paper web proceeds through the wet press and drying sections, and reaches the reel as the final product.
The PM is modelled using a moving grid approach (Lappalainen et al., 2004) .The paper web is discretized in the machine direction (MD) into a given number of web elements (10 in this study), which move at the paper machine speed. An element starts its movement from the headbox where it takes a sample of the incoming flow from the approach system. As the element moves along the PM it encounters several unit operations such as gravitational dewatering, wet pressing and steam-cylinder drying. All such unit operations affect the state of the web element by, for example, altering its composition or temperature. Finally the element arrives at the reel, where the final production rate of the paper machine is calculated. Also certain paper quality variables are calculated at this point, namely basis weight, moisture and filler content.
The Paper Mill Model includes a number of PI control loops to manage process conditions such as dilutions and levels. Additionally, the PM is equipped with control loops to control the quality variables of the paper. In the model, the paper filler content was controlled by manipulating the filler flow. Instead the paper basis weight (g/m 2 ) control was not active. The reason for this was that the basis weight is tightly connected to the production rate. If we had actively controlled the basis weight, this would have led to the control of production as well. This in turn would have invalidated the method because production was the output variable for the analysis.
Bottleneck identification method General
The bottleneck identification using process simulation and the Sobol' indices proceeded through several steps listed below:
1. Modelling 2. Definition of appropriate output, Y j (where index j denotes the case model) 3. Definition of inputs, X i,j 4. Definition of input distributions 5. Input sample generation 6. Simulations 7. Sensitivity index calculation 8. Interpretation of results
Step 1 was described in the previous chapter and below, the rest of the steps are described for each model.
Simple Models
With Simple Model 1 (j = 1) we investigated which part of the flow line forms the bottleneck to the mass flow ( m  ) through the piping system. Thus in step 2, for Simple Model 1 the output was formulated as:
is the mass flow at t final , kg/s t final is the end time of a simulation, s. 
where k is the number of parameters N is the sample size per parameter N is a user configurable integer and is recommended to be a power of 2. This value can be adjusted to balance between computational load and accuracy. In this study we choose quite high values to increase confidence in the results and since computational load could be easily overcome by parallel simulations in step 6.
In step 6 the model was loaded into a server computer and eight parallel Apros simulation processes were started. The simulators were controlled via OPC using MATLAB, which distributed the inputs to the simulators and collected the results. Each simulation consisted of loading the model, setting the flow section diameters and simulating for t final = 600 s (simulator clock time). During this time the mass flow had reached a new steady state value, which was taken as m' j (t final ).
After the simulations the Sobol' first order and total sensitivity indices were calculated using the Simlab software again and finally, the results, detailed in the Results chapter, were analysed and interpreted with expert judgement. 
Paper Mill Model
In Paper Mill Model (j = 3), the study was conducted with respect to the paper mill's actual production rate, P act . Thus we defined the output of the model, Y 3 , as ) (
In the input definition, step 3, for the sensitivity analysis we gathered a set of process related dimensioning and operational parameters, X i,3 , from the simulation model. The nominal, minimum and maximum values for each parameter are shown in Table 1 .
All parameters were assumed to be uniformly distributed over their range [0.75X i,3 nom , 1.25X i,3 nom ]. The only exceptions to this rule were parameters X 15,3 -X 18,3 which were limited from above to 1.0. This was done because retention coefficients above one are not physically feasible.
In step 5, a sample of size 53248 was generated with these parameters and value ranges using Simlab. Each sample vector was fed to the model and simulations with Paper Mill Model were run in parallel until one of the following termination conditions was met:
1. All key process variables were stabilized 2. The solution of the simulation model diverged 3. Maximum simulation time (5h, simulator clock) was reached The key process variables (z n ) which were checked for the stabilization (condition 1) are listed in Table 2 .
The criterion for stabilization of process variable z n was 01 . 0  dt dz n [10] for at least one minute of simulator time. The whole process was deemed to have stabilized when all stabilization criteria were fulfilled simultaneously. It should be noted that in criteria of Eq 10 the derivatives were not scaled. Scaled values could and probably should After the simulations the output data was used to generate the sensitivity indices with Simlab. Finally, in step 8, we performed additional simulations to assess the bottleneck identification results.
Results
Simple Model 1
Wide parameter bounds
The Sobol' sensitivity indices S i and S Ti (i = 1, …, 50) are presented in Table 3 . The largest values are shown in bold. Negative indices are due to numerical errors (Saltelli et al., 2008) .
In Table 3 parameter X 26,1 has by far the largest sensitivity index, both first order and total. We also see that the first order and total indices for X 26,1 are very close to each other, meaning that the parameter has virtually no interactions with the other parameters whose indices are of a completely different magnitude.
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1.74·10 -5 34 -6.84·10 -8 2.88·10 -6 10 -5.08·10 -7 -1.28·10 -5 35 -5.55·10 -6 -9.39·10 -6 11 -2.34·10 -6 -1.7·10 -6 36 -6.97·10 -7 -1.37·10 -6 12 -2.72·10 -6 -3.88·10 -6 37 8.16·10 -6 9.75·10 -6 13 1.13·10 -6 2.79·10 -6 38 -6.77·10 -6 -3.41·10 -6 14 -8.03·10 -6 -9·10 -6 39 2.72·10 -6 -7.37·10 -6 15 1. The dominance of X 26,1 is even clearer than with the original distributions. This is understandable since when using the wider bounds, the distributions of X 26,1 and the others overlap, whereas with the narrower bounds there is no overlap. Thus, it is probably advisable to use the larger distributions because using narrower bounds introduces an artificial constraint on the method and can enforce conclusions. It is not guaranteed that this enforcing is beneficial in other cases.
Simple Model 2
The Sobol' indices were again calculated, see Table 5 .
The largest values are shown in bold for clarity. From Table 5 it can be seen that for parameters X 5,2 and X 6,2 both S i and S Ti are far larger than for the other parameters which means that either X 5,2 or X 6,2 is the most important parameter with respect to m' 2 (t final ). The first order indices for X 5,2 and X 6,2 have very similar values, which is also the case for total indices. This points towards them having an equal effect on the mass flow. On the other hand, when comparing the first order and total indices(S 5 with S T,5 and S 6 with S T,6 ), we see that they differ, indicating that both X 5,2 and X 6,2 have interactions with other parameters, probably with each other. All in all, the interpretation is that the process bottleneck lies in the middle section with pipes 5 and 6 but it is not possible to Fig 2, the result seems reasonable as pipe sections 5 and 6 have a smaller combined flow area than the preceding and following sections with four parallel pipes. Furthermore, these two pipes are identical meaning that any distinction between them is superficial.
Paper Mill Model
After the simulations, the Sobol' indices were calculated and are presented in Table 6 with three largest values for each column shown in bold. We see that parameters X 17,3 , X 24,3 and X 25,3 stand out from the rest, as they receive the largest indices in both columns indicating possible bottlenecks. We also see that for all parameters their first order and total indices differ by more than an order of magnitude which indicates strong interactions. This too is understandable, because the process has a large feedback loop and the process is non-linear.
Parameter X 24,3 is the nominal head of the MC outlet pump, which is situated in furnish feed line. Parameter X 25,3 is also a parameter of the same pump. These two parameters being important and having interactions give a consistent indication that the furnish feed line is the process bottleneck in this model. The result is understandable, since this line feeds the raw material to the process. Parameter X 17,3 , the filler retention at the former section of the paper machine, received also a substantial total index. This parameter describes how well filler is retained on the PM's early parts. The fact that the filler retention came up in the analysis is understandable, since in Paper Mill Model the filler is an important raw material component with 29 mass-% share of dry matter entering the PM.
To interpret these results (step 8), we simulated two situations in which the identified bottleneck parameters were changed in a step-wise manner. In the first simulation, the pump's nominal head and nominal volumetric flow rate were increased to maximum values of the used range. In this simulation the production was increased from its nominal value 38.3 t/h to 44.3 t/h as indicated on top of Fig 4. In the second simulation, the filler retention was also increased step-wise from 0.5 to 0.625. The effect is shown on the bottom of Fig 4. The pump parameter change drove the process output over the set limit of 40 t/h, indicating that the process bottleneck indeed was at the furnish line. The filler retention change drove in turn the production to an oscillation which dampened back to its original value 38.3 t/h. The oscillation is due to the filler content controller, which acts to maintain a constant share of this raw material in the paper. The result indicates that the filler retention indeed has a major effect with respect to the production and can, in fact, be considered a bottleneck. Had the filler content controller been switched off the production would have increased, as happened right after the step-wise retention change in Fig 4, but then, gradually it would have come down to the original value. This is due to the fact that increasing the retention does not increase automatically the amount of filler fed into the system i.e. retention is a relevant factor that enables increasing the production rate, if the filler feed is increased as well. Altogether, from the analysis above the MC outlet pump and filler retention can be deemed as the process bottlenecks. The result also highlights the strong interactions of the process giving guidance to the process designer.
Summary of results
The results with respect to successfully identifying the bottleneck are summarised in Table 7 . For Simple Model 1, the method was able to find one parameter above the others. Likewise, with Simple Model 2, we were able to correctly identify the middle section of the piping system as the bottleneck, but could not distinguish between pipes 5 and 6. Finally, with the Paper Mill Model the method was able to find plausible candidates as the bottleneck. This was confirmed with the simulations of 
Discussion and Conclusions
This paper presented three case studies on utilizing global sensitivity analysis with process simulation as a method of identifying process bottlenecks. The questions to be answered in this paper were 1) whether there is evidence that combining Sobol' analysis with process simulation can be used as a method of identifying process bottlenecks, and 2) can this help in process design?
Regarding the first question, the cases showed that simulation and calculation of the Sobol' sensitivity indices provided a convincing identification of the bottlenecks. This extends the findings of Sepulveda et al. (Sepulveda et al. 2013) by addressing different and more complex processes. Also we extend their results with the use of a commercial full scale simulator. The benefits of using this method in process design seem evident. In the design or retrofit of a process plant, knowledge of the process bottlenecks is useful and the Sobol' method has been shown to be able to assist in this. Furthermore, the method is in fact quite straightforward to use, since it requires no explicit derivation of equations and commercial simulation packages can be used.
To be able to utilize the presented method one needs to construct a model of adequate fidelity (step 1). To be more precise, the Sobol' method originally does not pose stringent requirements like linearity to the model; it is said to be model independent (Saltelli et al. 2008) . But, to utilize the Sobol' analysis in identification of process bottlenecks, the model must be of high fidelity to allow characteristic parameters to be modified, possibly by rather large amounts, while retaining its predictive capabilities with regard to the appropriate output, e.g. production (step 2). The essential thing in identifying process bottlenecks is that the model describes the relation between the adjustable parameters (representing the bottleneck candidates) and the outputs in a realistic way, which is possible with steady state or dynamic models. A too simplistic model will be inadequate and, rather, a mechanistic (first principles) model should be used. This poses restrictions on when the proposed method is applicable.
Namely, the method is applicable when a suitably detailed model is available, for example in detailed design phase of an engineering project or within a retrofit project. In very early phases of a process design project this might not be the case. On the other hand, a too complex model can result in excessive simulation times and time for setting up the analysis, even to the point of hiding the important features under a mass of details. The requirement of having a model, however, is not an unsurmountable obstacle because modelling and simulation are commonplace tools in process design.
The presented method of identifying process bottleneck relies heavily on the choice of parameters and their distribution (steps 3 and 4). In this paper all distributions were assumed to be uniform. This choice was made because there was no information available that would have suggested some other distributions and because most of the parameters were physical dimensions of equipment, whose values can be assumed to vary quite freely over a realistic range. In the Simple Models we used quite large parameter ranges, whereas in Paper Mill Model the ranges were more constrained. When analysing an existing process, the parameter set should include only those parameters which can realistically be affected in the real process to shift the bottleneck. In this study we intentionally included some parameters which cannot be easily or directly affected, for example the PM width or the former section retention coefficients since, on the other hand, in choosing the parameter set, the analyst should exercise care in order to avoid the lampposting effect (Morgan et al. 2000) , i.e. analysing only some limited, familiar set of process parameters of the process and not including all relevant parameters.
The approach uses quite large samples (step 5) of parameter vector realizations and simulating their effects can lead to potentially large computational load (step 6). The computational time restriction is, however, easily removed by using parallel computing, which was also the approach taken in this study. This is due to the fact that the parameter vector realizations are independent of each other. In order to execute the numerous simulations (in parallel or sequentially) it is necessary to be able to automate their running. Some simulator packages provide means for doing this. On the other hand, if the simulator itself does not provide such functionalities, an external mechanism is needed. In this study a script file written in MATLAB was used to load the Simlab-generated sample file, to control the simulator instances and to collect their outputs into a file for Simlab. Other possibilities for this are, for example, the Dakota software package (https://dakota.sandia.gov/) or numerous queuing systems dedicated to massive simulations. To the best knowledge of the authors, calculation of the Sobol' indices is not part of any commercial simulator. Some simulation packages do provide their own programming language that could be used to perform this task. But, as the calculation is quite complex, it may be easier to use dedicated programs which is the approach taken here.
The results (step 7) obtained by the presented method indicate statistical significance of a certain parameter, which is not the same thing as practical significance. Thus, the analyst should possess domain specific knowledge to interpret (step 8) the results for the method to be applicable as exemplified by the expert judgement and validation simulations done with the Simple Models and Paper Mill Model, respectively. This need for domain expertise is also required in the definition phase of the problem i.e. selection of the input parameters, their distributions and the outputs.
Finally, we can reason that it is probable that the usefulness of combining process simulation and the Sobol' analysis can be extended to other cases as well, making it a generic method for bottleneck identification. Firstly, the models were constructed from first principles of physics using validated simulation software giving them a firm foundation. Secondly, Paper Mill Model in particular represents a realistic and a not uncommon process industry setup. Thirdly, the Sobol' analysis was able to raise one process area above others as the bottleneck in all cases. Thus, it stands to reason that applying this analysis to other cases originating from the process industry, utilizing models with similar foundations, can provide an identification of the process bottlenecks.
